Real-time data from on-line sensors offer the possibility to update environmental simulation models in realtime. Information from on-line sensors concerning contaminant concentrations in groundwater allow for the real-time characterization and control of a contaminant plume. In this paper it is proposed to use the CPU-efficient Ensemble Kalman Filter (EnKF) method, a data assimilation algorithm, for jointly updating the flow and transport parameters (hydraulic conductivity and porosity) and state variables (piezometric head and concentration) of a groundwater flow and contaminant transport problem. A synthetic experiment is used to demonstrate the capability of the EnKF to estimate hydraulic conductivity and porosity by assimilating dynamic head and multiple concentration data in a transient flow and transport model. In this work the worth of hydraulic conductivity, porosity, piezometric head, and concentration data is analyzed in the context of aquifer characterization and prediction uncertainty reduction. The results indicate that the characterization of the hydraulic conductivity and porosity fields is continuously improved as more data are assimilated. Also, groundwater flow and mass transport predictions are improved as more and different types of data are assimilated. The beneficial impact of accounting for multiple concentration data is patent.
Introduction 1
During the last several decades numerical simulation is routinely utilized to evaluate the groundwater (as compared with the classical EnKF, which uses untransformed data) is limited because after univariate 70 normal transformation of the state variable, the concentration distribution is far from multi-Gaussian.
71
In comparison with the effort devoted to characterize the spatial variability of hydraulic conductivity by 72 conditioning state information, less attention has been paid to identifying the spatial variability of porosity, 73 probably due to its relatively small spatial variability ranging from 0.1 to 0.55 in unconsolidated granular 74 aquifers (Freeze and Cherry, 1979) . Additionally, various authors (e.g., Hassan, 2001; Riva et al., 2008; 75 Hu et al., 2009; Jiang et al., 2010) have demonstrated (both in synthetic examples and real aquifers) the 76 significance of accounting for the heterogeneity of porosity on predictions of solute movement.
77
We will demonstrate the capability of the EnKF to jointly map the hydraulic conductivity and porosity 78 fields by assimilating dynamic piezometric head and multiple concentration data. Few studies have considered 79 the conditioning with help of both multiple concentration data and dynamic piezometric head data to 80 characterize unknown parameters. Also, to the best of our knowledge, this is the first work proposing the 81 joint estimation of spatially distributed hydraulic conductivity and porosity fields in hydrogeology.
82
The remaining of this paper is organized as follows. We first summarize in section 2 the mathematical 83 framework of the EnKF and discuss the jointly mapping of hydraulic conductivity and porosity by assimilat-84 ing multiple concentration data. In section 3, a synthetic example is used to demonstrate the effectiveness 85 of the EnKF. The paper ends with summary and conclusions in section 4. 
Data Assimilation with the EnKF

87
First, the flow and transport equations (i.e, the transfer functions) will be presented, and then the 88 algorithm of EnKF is introduced with emphasis on the assimilation of concentration data. 
Flow and Transport Equations
90
The well known flow equation of an incompressible or slightly compressible fluid in saturated porous 91 media can be expressed by combining Darcy's Law and the continuity equation (Bear, 1972 is the molecular diffusion coefficient set to zero in this study, and q is the Darcy velocity given by q = −K∇h 
where Y k is the state of the system (piezometric heads and/or concentration data) at time step stresses, and known parameters), and X k−1 denotes the model parameters (hydraulic conductivity 115 and/or porosity) after the latests update at time t k−1 . Specifically, X and Y are expressed as:
if only c data are available. 
being the j th ensemble member of the augmented state vector at time t k .
121
As an example, if the number of discretization blocks in the domain is N k and we are in case C, i.e., updating both lnK and φ using both h and c data, the dimension of vector Ψ k will be 4 × N k . 
where the superscripts a and f denote analysis and forecast, respectively; is a random observation 125 error vector; H is a linear operator that interpolates the forecasted heads to the measurement 126 locations, and, in our case, is composed of 0 s and 1 s since we assume that measurements are 127 taken at block centers. Therefore, equation (6) can be expressed as:
where the Kalman gain G k is given by:
where R k is the measurement error covariance matrix, and P 
where N e is the number of realizations in the ensemble, and the overbar denotes average over the 133 ensemble.
134
In the implementation of the algorithm, it is not necessary to calculate explicitly the full covariance 
148
The algorithm is implemented in the C software EnKF3D which is used in conjunction with finite-149 difference program MODFLOW (Harbaugh et al., 2000) , to solve the confined transient flow equation (1) The reference conductivity and porosity fields are generated using the code GCOSIM3D (Gómez-Hernández The aquifer is assumed to be confined with impermeable boundaries on south and north, prescribed 
175
The total simulation time is 500 days, and this period is discretized into 100 time steps following a geometric 176 sequence of ration 1.05. Specific storage is assumed constant with a value of 0.003 m −1 . The simulated 177 dynamic piezometric heads at the observation wells #1 to #9 in Figure 2 are sampled and will be used as 178 assimilating data. The simulated heads at the wells #10 and #11 will be used as validation data.
179
The boundary conditions for the transport model are no-mass flux boundaries on the western, northern,
180
and southern borders of the model. The eastern border is a specified advective mass flux boundary, acting 181 as a line of sinks taking mass out of the aquifer (see Figure 2 ). be used here to compare the EnKF solutions with the reference plume maps (see Figures 3A, 3C and 3E ).
191
The concentration is measured at 63 wells, uniformly distributed over the domain (see Figure 2 ). These 192 measured multiple concentration data (see Figures 3B, 3D , 3F) will serve as assimilating data. 
Scenario Studies
194
Six simulation scenarios are considered for which different types of measurement data are assimilated
195
(see Table 2 ). Scenario 1 (S1) is an unconditional case. In Scenario 2 (S2) geostatistical simulation Hernández and Journel, 1993) is used in order to condition on the nine measured hydraulic conductivities
197
and the nine porosities shown in Figures 1B and 1D , repsectively. For S1 and S2, 500 realizations of hydraulic 198 conductivity and porosity are generated using the same random functions as for the reference fields. Flow 
204
In scenarios 4, 5 and 6 (S4, S5, S6) concentration data are assimilated by EnKF, in addition to hydraulic 205 conductivity data and piezometric head data. S4 uses concentration data at 400 days, S5 uses concentration 206 data at 300 and 400 days, and S6 uses concentration data at 300, 400 and 500 days.
207
The piezometric head and concentration data are sampled from the reference simulations without error.
208
However, during the assimilation process it is considered that the data might contain measurement errors 209 and therefore a diagonal error covariance matrix was used, with all non-zero terms equal to 0.0025 m 2 for 210 head data and 0.0025 ppm 2 for concentration data. We note, in practice, the errors for the heads and 211 concentration data would be not the same, and the observation errors would change with the time. From an 212 operational point of view, it is straightforward to integrate them into the assimilation procedure. 
Assessment Measures
214
The results for the six scenarios will be analyzed with the help of two metrics: 215 1. The average absolute bias (AAB) is a measure of accuracy defined as follows:
where X i is, either the logconductivity lnK, porosity φ, hydraulic head h or concentration c, at location 217 i, X i,r represents its value for realization r, X ref,i is the reference value at location i, N b is number of 218 nodes, and N e is the number of realizations in the ensemble (500, in this case).
219
2. The ensemble spread (AESP ) represents the estimated uncertainty defined as follows:
where σ 2 Xi is the ensemble variance at location i.
221
The smaller the values for AAB and AESP , the better the prediction of variable X. variance illustrates how conditioning reduces the differences between the realizations.
230
In scenario 1, with no conditional data, the ensemble mean and variance of lnK and φ are very close to 231 the prior mean and variance. In scenario 2, using 9 conditioning hydraulic conductivities and porosities, the are clearer than without conditioning, and closer to the reference distribution. As expected, the ensemble 244 variance, both for lnK and φ, reduces further in S6 as compared with the other scenarios.
245
From a more quantitative point of view, the calculated two metrics (see Table 3 vs. S2).
257
From these results, we can conclude that: (1) The direct measured hard data play the most important 
Piezometric Heads Reproduction
262 Figure 8 shows the piezometric head evolution at well #2 and #10 for scenarios S1, S2, S3 and S6.
263
Recall that the piezometric head data continuously collected from well #1 to #9 are used for conditioning,
264
while wells #10 and #11 are for validation. Figure 8 shows that for S1 uncertainty is largest and that when concentration data are used for conditioning in S4, S5 and S6.
276
The main conclusions are: (1) of all the data, the measured piezometric head data are most informative 277 for improving head predictions and reducing the prediction uncertainty; (2) the impact of concentration data 278 for characterizing piezometric head is very small. 
290
Conditioning to concentration data at t = 300 days (S4) also improves strongly the prediction for 500 days
291
(although the concentration data sampled at t = 500 days are not used for conditioning in scenario S4).
292
For scenarios S5 and S6 the additional concentration data from t = 400 and 500 days improve further the 293 characterization of the plume so that they are very close to the reference plumes.
294
The ensemble variance maps of the concentration fields show that the ensemble variance decreases away 295 from the barycenter of the plume and is close to zero outside of the plume. The ensemble variance of 296 concentration decreases continuously if more data are used for conditioning. 
297
Reactive Transport Prediction Analysis
308
In this subsection, a reactive transport prediction experiment is conducted with modified flow bound-309 ary conditions using the conductivity and porosity obtained in the data assimilation exercise to further 310 demonstrate the robustness of EnKF.
311
The flow and transport configurations are the same as before but the flow is at steady-state. The eastern , 1986; Burr et al., 1994) ). The reactive tracer is 316 also released near the western boundary (see Figure 2 ) with the same total initial concentration. The plume 317 snapshot at time t = 500 days (see Figure 13 ) is used to evaluate the worth of the different data.
318
MODFLOW and MT3DMS are employed to solve the flow equation (1) and reactive transport equation
319
(2), respectively. 320 Figure 14 shows the ensemble mean and variance of predicted concentration fields at t = 500 days for 321 the fields estimated from the scenarios S2, S3 and S6. It clearly shows that the predicted plume is close to 322 the reference when multiple types of information are used for conditioning. Besides, the ensemble variance 323 is the smallest for S6. • β denotes the rotation angle of one clockwise rotation of positive y axis. Table 5 : Bias and spread of predicted concentrations at time t = 300, t = 400, t = 500 days for the different scenarios. 
